In this chapter, we look at the role of theory in learning analytics. Researchers who study learning are blessed with unprecedented quantities of data, whether information about staggeringly large numbers of individuals or data showing the microscopic, moment-by-moment actions in the learning process. It is a brave new world. We can look at second-by-second changes in where skills are effective by looking at thousands of students in a MOOC.
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of the Journal of Learning Analytics, however, it is dangerous to think that with enough information, the data can speak for themselves -that we can conduct analyses of learning without theories of learning. In fact, the opposite is true. With larger amounts of data, large enough so that random effects are normally distributed, but small enough to be obtained using traditional data collection techniques. Applying these techniques to datasets that are orders of magnitude larger in length and number of variables without a strong theoretical foundation is perilous at best.
In what follows, we look at this question not by anatheoretical framework. What Wise and Shaffer suggest -and what the articles and commentaries in the special section of the Journal of Learning Analytics show -is that conducting theory-based learning analytics is challenging. As a result, our approach in what follows through the use of a worked example: the presentation of a problem along with a step-by-step description of In doing so, our aim is not to provide an ideal solution for others to emulate, nor to suggest that our particular use of theory in learning analytics is better than of a theory-based approach -as opposed to an atheoretical or data-driven approach -to the analysis of large educational datasets. We do so by presenting epistemic network analysis (ENA; Andrist, Collier, Rupp, Sweet, & Choi, 2010; Shaffer et al., 2009; Shaffer, analytic technique. But importantly, we present ENA epistemic frame theory -the approach to learning on which ENA was based -and apply it to data from an epistemic game, an approach to educational game design based on epistemic frame theory.
2007), a simulation of authentic professional practice
Land Science, an online urban planning simulation in the city of Lowell, Massachusetts. They work in small teams, communicating via chat and email, to develop a of different stakeholder groups. To do this, students review research briefs and other resources, conduct a survey of stakeholder preferences, and model the effects of land-use changes on pollution, revenue, preferences, students must justify the decisions they Land Science has been used with high school students prior research (Bagley & Shaffer, 2009 , 2015b Nash, Bagley, & Shaffer, 2012; Nash & Shaffer, 2012; Shaffer, 2007) has shown that Land Science helps students learn content and practices in urban ecology, urban develop skills, interests, and motivation to improve performance in school.
As with many educational technologies, Land Science records all of the things that students do during the simulation, including their chats and emails, their notebooks and other work products, and every keystroke and mouse-click. This makes it possible to problem-solving processes they use. the chat conversations from 311 students who used the same version of Land Science, including seven groups of college students (n = 155), eight groups of high school students (n = 110), and three groups of Our analysis of the chat data from Land Science is informed by epistemic frame theory (Shaffer, 2004, models the ways of thinking, acting, and being in the world of some community of practice (Lave & Wenger, 1991; Rohde & Shaffer, 2004) . A community of practice, or a group of people with a common approach to framing, investigating, and solving problems, has a repertoire of knowledge and skills, a set of values that guides how skills and knowledge should be used, and a set of processes for making and justifying decisions.
both through overt markers and through the enactment of skills, values, and decision-making processes characteristic of the community.
Becoming part of a community of practice, in other believing, valuing, and feeling (and using various objects, professional vision, -munity of practice.
Importantly, however, it is not mere possession of relevant knowledge, skills, values, practices, and other community, but of them. The concept of a frame (1974) (see also Tannen, 1993) . Activity is interpreted in terms of a frame: the rules and premises that shape perceptions and actions, or the set of norms and epistemic frame is thus revealed by the actions and interactions of an individual engaged in authentic tasks (or simulations of authentic tasks).
To identify analytically the connections among elements that make up an epistemic frame, we identify co-occurrences of them in student discourse -in this case, in the conversations they have in an online chat -sev & Mendes, 2013; i Cancho & Solé, 2001 ; Landauer, DATA THEORY a given segment of discourse data are a good indicator of cognitive connections, particularly when the co-occurrences are frequent (Newman, 2004) . These or empirical analysis, or from an ethnographic study of the community in action.
tifying co-occurrences in segments of discourse data and modelling the weighted structure of co-occurrences. ENA represents these patterns of co-occurrence in the strength and composition of an epistemic frame ENA models the weighted structure of connections interaction data. In what follows, we describe both the general principles of the ENA method and the software -www.epistemicnetwork.org -implements the ENA algorithms.
Stanza-Based Interaction Data
frame theory, it is important to understand how data from two conversations held by one group of students in Land Science the concepts, or codes, whose pattern of association we want to model. In this case, the codes represent various aspects of professional urban planning practice -that is, various elements of an urban planning epistemic frame.
Note that sometimes we can see relations among the codes in a single utterance, as in In Line 3, where environmental issues. In other cases, relations occur trade-off involved in increasing open space, which responds to and builds on Natalie's more general comment about trade-offs in Line 8. However, we do not necessarily want to look at the relations among codes across all -rate conversations are represented in Table 15 .3 would thus be represented by At the end of this process of accumulation, each unit in the dataset (in this case, each group) is associated the weighted pattern of co-occurrence (cognitive connections) among the codes (epistemic frame elements) for that unit.
To understand the structure of connections across different units -the relationships among their networks of connections, or the differences among their cumulative adjacency matrices -ENA represents each -that the dimensions of this space correspond to the strength of association between every pair of codes. variance accounted for in the data (similar to a principal components analysis). However, unlike a traditional co-occurrences from the cumulative adjacency matrices, rather than on the counts or strengths of the codes themselves, and (b) ENA performs a sphere or cosine norm on the original data and centres it, but does not rescale the dimensions individually.
Interpretation of ENA Models
Once an ENA model is created, a suite of tools can be used to understand and create a meaningful interLand Science dataset described above, the chat utterances of all students were coded for 24 urban planning epistemic frame and validated automated coding process (Bagley & Shaffer, 2015b; Nash & Shaffer, 2011) . Codes relevant to authentic urban planning practice were developed based on an ethnographic study of how urban planners are trained (Bagley & Shaffer, 2015a) . at a time, which facilitates interpretation. Figure 15 .1, of a high school student (Student A) who participated in Land Science. The network models the structure of connections among the elements of the student's urban planning epistemic frame. In this case, Student A's network shows a number of connections among knowledge elements, such as knowledge of social issues elements, such as compromise; and the skill of using urban planning tools (such as a preference survey). The network is also weighted: thicker, more saturated lines represent stronger connections, whereas thinner, less saturated lines represent weaker connections. The thickness/saturation of a line is proportional to the the two epistemic frame elements occurred.
While we can draw some conclusions about this cognitive connections mostly among basic knowledge and skills -in many cases, the salient features of a network are easier to identify in comparison with other networks. Figure 15 .2 shows the urban planning epistemic network of a second high school student (Student B). Like Student A, Student B made a number of connections among basic knowledge elements, but -nections overall as well as connections to additional elements, most notably to more advanced skills, such Epistemic network of a high school student (Student B) representing the cognitive connections the student made while solving a simulated urban redevelopment problem.
As discussed above, epistemic frame theory suggests that the epistemic frame of urban planning (or any ENA reveals that Student B's network is more overtly epistemic the way that urban planners do, and is thus learning to think like an urban planner.
What makes this comparison between Students A and B possible is that the nodes in both epistemic network projection space -for these two students, and for all the students in the dataset. When the gifted and talented high school students are included in the analysis, in some respects they are more similar to the college students, and in others 1 It is possible, of course, that two networks with very different a network with many connections might have a centroid near the origin; but the same would be true of a network that had only a few connections at the far right and a few at the far left of the network space. For obvious reasons, no summary statistic in a dimensional reduction can preserve all of the information of the original network. Figure 15 .3. Centroids of college students (dark) and high school students (light) with the corresponding they are more similar to the high school students. The mean position of the gifted high school students in the different from both the college students and the high To determine what factors account for the differences among the three groups, we can compare their mean epistemic networks. As Figure 15 .5 shows, the gifted high school students on average made more and stronger connections to elements of advanced urban planning thinking than the high school students, but is, they were somewhere between the high school and the domain. In contrast, the gifted high school students seem to be more similar to the high school students in that both populations made fewer connections than the college students between basic professional skills and advanced urban planning thinking. In other words, the gifted high school students are somewhere between the high school and college students intellectually, but they are more similar to the high school students in their level of basic professional and interpersonal skills.
Qualitative Triangulation of ENA Network Models
A key feature of ENA is the ability to trace connections in the model back to the original data -the chats, in this case -on which the connections are based. By utterances that contributed to this connection in the utterances that contributed to this connection in one college student's epistemic network.
containing only the second code are shown in blue, those containing both codes are shown in purple, and those containing neither code are shown in black. The utterances coded for both E.social.issues and K.data: based on a desire to improve the city (epistemology of social issues), while the second utterance references This feature of ENA allows us to close the interpretive loop (see Figure 15 .7). We started with a dataset that was coded for urban planning epistemic frame elements; we models of students' urban planning thinking based on the co-occurrence of frame elements; then, if we want to understand the basis for any of the connections in the network models, we can return to the original utterances. ENA thus enables quantitative analysis of qualitative data in such a way that the quantitative results can be validated qualitatively. In working through this analysis, our aim was not to provide an ideal suggest that epistemic frame theory has any particular analytic advantages over other learning theories, but methodology in learning analytics and educational data mining. As analyses of large educational datasets have become more common, a key application is educational theories and well-known educational phenomena, towards gaining deeper understanding 2009, p. 7). In other words, a theoretical framework guides the selection of variables and development of observed phenomena are occurring. theory of epistemic frames to guide our analysis of student chat data in an urban planning simulation. Epistemic frame theory suggests that learning can students make among elements of authentic practice. Our analytic approach, ENA, uses discourse data to as network graphs, mathematical representations of patterns of connections. The analysis is thus an opto understanding learning. data, and analysis is through evidence centred design Shaffer et al., 2009) . In evidence-centred design, an analytic framework is composed of three connected models: a student model, an evidence model, and a task model (see Figure 8 student model represents the characteristics of the student that we want to assess, or more generally the outcome we are trying to model or measure. The task model represents the activities and the data that will be used to measure the outcomes in the student model. The student (outcome) model and task (data) model are linked by an evidence model, which details the analytic tools and techniques that will be used to warrant conclusions about the outcomes based on the data.
analytics in which each of the models (student, evidence, and task) are derived from the same theoretical framework -in this case, epistemic frame theory (see Figure 15 .9). empirically. But critically, the empirical grounding of -cance: because of the linkages between the different models or layers of the evidentiary argument, the interpretation of the statistics -the meaning of the in studies that take a radically atheoretical approach to discovery. Wired editor-in-chief Chris Anderson (2008) has even claimed that theory-based inquiry -hypotheses about what it might show. We can throw the numbers into the biggest computing clusters the most scientists would be deeply uncomfortable with the idea that causation is unimportant, Anderson's large collections of data are ideal or even worthwhile. There is bad theory, just as there is bad empiricismor even more generally the theories and methods that we chose, are ideal in all circumstances.
Our argument, rather, is that there are distinct advantages to taking a theory-based approach to the analysis of illustrates how in theory-guided learning analytics, an understanding in a corpus of data and the selection of appropriate analytic methods. These linkages between data, theory, and analysis thus provide the ability to interpret the results sensibly and meaningfully. 
